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Artificial intelligence, particularly deep learning, is becoming increasingly prominent in multi-omics research,
especially since traditional statistical models struggle to handle the complexity and high dimensionality of such
data. By effectively combining different types of omics data, Al techniques can unveil hidden connections, detect
biomarkers, and improve disease prediction through the integration of multi-omics layers and modalities, which
can lead to significant advancements in precision medicine. In this review, we gathered published methods of
deep learning-based multi-omics integration specialized in oncology since 2020. We concentrated exclusively on
studies utilizing cancer omics data mainly sourced from The Cancer Genome Atlas (TCGA) database. As a result,
we identified 32 articles that generally fulfilled the criteria. We studied their techniques and their ability to
handle challenges in analyzing multi-omics data, particularly regarding missing data, dimensionality, and pro-
cessing workflows. We also discuss how well these methods consider explainability, interpretability, and ethical
aspects in developing solutions that treat private medical and sensitive information.

From the 32 studies, we can divide deep learning-based multi-omics integration methods into two types: non-
generative and generative models. Non-generative approaches, such as feedforward neural networks (FFNs),
graph convolutional networks (GCNs), and autoencoders, are designed to extract features and perform classifi-
cation directly. On the other hand, generative methods such as variational autoencoders (VAEs), generative
adversarial networks (GANs), and generative pretrained transformers (GPTs) focus on creating adaptable rep-
resentations that can be shared across multiple modalities. These methods have advanced the handling of missing
data and dimensionality, outperforming traditional approaches. However, most reviewed models remain at the

proof-of-concept stage, with limited clinical validation or real-world deployment.

1. Introduction

Multi-omics analysis integrates information from genomics, tran-
scriptomics, proteomics, and metabolomics to provide a more compre-
hensive picture of biological functions, disease pathways, and possible
therapeutic approaches. Each molecular layer offers distinct perspec-
tives, but together they enable a more detailed understanding of cellular
mechanisms, signaling cascades, and expression trends. Still, merging
these layers poses significant challenges. Variations in data formats,
measurement scales, and reliability across different platforms demand
sophisticated techniques to extract valuable insights [1].

Artificial intelligence (AI), including machine learning (ML) and
deep neural networks (DL), is reshaping the landscape of healthcare by
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enhancing the ways diseases are diagnosed, forecasted, and managed
[2]. These computational methods are particularly effective in dissect-
ing large, multi-dimensional omics datasets, often uncovering associa-
tions and patterns that conventional statistical tools overlook. The result
is improved diagnostic accuracy, novel target identification, and greater
potential for individualized treatment strategies [3]. Despite these ad-
vancements, difficulties persist such as harmonizing heterogeneous data
sources, the need for large annotated cohorts, and the challenge of
maintaining interpretability. Addressing these problems is essential for
responsible and effective adoption of Al in medical research [4].
Al-driven approaches to multi-omics integration offer considerable
promise for advancing personalized medicine. By synthesizing multiple
biological data types, Al systems can discern intricate relationships,
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anticipate disease patterns, and pinpoint biomarkers with greater effi-
ciency than many traditional workflows, especially when handling
complex, high-dimensional data. However, performance often depends
on data quality, the difficulty of the analytic task, and the rigor of
validation procedures. Progress in this domain also introduces ethical
considerations, including patient data privacy, information security, and
potential algorithmic biases. The development of transparent guidelines
and regulatory standards is vital to ensure ethical use and safeguard
patient interests. Promoting model interpretability through explainable
Al methods and incorporating up-to-date clinical inputs can further
encourage confidence and wider implementation in healthcare settings
[5,6].

Nevertheless, as emphasized in this review, most Al-based multi-
omics platforms are still largely confined to proof-of-concept stages,
with minimal uptake in actual clinical practice. Despite encouraging
results in areas such as subtype discrimination or survival estimation,
these approaches frequently lack robust external validation, real-world
clinical trials, or regulatory approval.

In summary, the integration of Al with multi-omics data analysis
provides a powerful avenue for improving our understanding and
treatment of diseases. By tackling technical limitations, improving
model transparency, and proactively managing ethical risks, the field
can unlock the full benefits of these technologies. This will ultimately
pave the way toward more targeted, personalized, and accessible
healthcare, supporting the ongoing progress of precision medicine.

2. Multi-omics data foundations

Traditional statistical models are often used to analyze and interpret
large datasets. However, over the last decade, Al has emerged as a
powerful tool in a variety of fields, revolutionizing data analysis and
decision-making processes. This shift is driven by the increasing
complexity of data, which comes from traditional structured forms to
highly complicated and multi-dimensional datasets. The growing de-
mand for deeper understanding of biological processes has accelerated
the need for more advanced approaches in genomics data analysis [7].

Fig. 1 illustrates the key components of a successful Al-driven
healthcare system, highlighting their relationship in achieving optimal
performance. Starting with security, which is critical for protecting
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patient data that supports data integrity and ensures the reliability and
accuracy of healthcare data. In addition, ethics and privacy are closely
related because of their ability to advocate for responsible Al, whereas
transparency and explainability increase trust by making Al workflows
understandable. Furthermore, bias reduction and fairness are critical for
ensuring that AI models produce equitable healthcare outcomes. All of
these factors combined with clinical integration to ensure that Al solu-
tions are seamlessly incorporated into daily medical practice, resulting
in a more effective and trustworthy Al-powered healthcare system
[7-10].

Different types of multi-omics data offer a comprehensive view of
biological systems in Al-driven healthcare [11]. Genomics analyzes DNA
variation, transcriptomics profiles RNA expression, proteomics quan-
tifies proteins, metabolomics measures metabolites, epigenomics ex-
amines regulatory marks, and microbiome profiling investigates
host-microbe interactions. Integrated with Al, these layers enable more
precise and personalized insights (see Fig. 2).

Since AI was formally introduced, it expanded into a powerful
domain that includes techniques like ML and DL. These methods enable
computers to not only process large volumes of data but also learn from
it. ML, in particular, is focused on developing algorithms and models
that allow systems to perform tasks without the need for explicit in-
structions. The selection of the appropriate algorithm is key, and these
can be broadly classified into three categories: supervised, semi-
supervised, and unsupervised learning [12]. Meanwhile, deep learning
is a subset of machine learning that uses layered neural networks to
model complex patterns in large datasets. It mainly excels in tasks that
involve high-dimensional data, such as image and speech recognition,
due to its ability to automatically extract hierarchical features without
manual feature engineering [4,13].

Several key databases are used in ML and DL based multi-omics
studies to provide diverse biological data such as genomic, tran-
scriptomic, proteomic, epigenomic, and metabolomic information.
These databases are very informative for building predictive models and
improving our understanding of complex diseases like cancer (see
Table 1).

The Cancer Genome Atlas (TCGA) [14] is a widely used resource in
multi-omics integration, offering comprehensive molecular data from
over 30 cancer types, including DNA mutations, RNA expressions,
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Fig. 1. Aspects of successful Al-based healthcare.
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Table 1
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TYPES OF MULTI-OMICS DATA

METABOLOMICS GENOMICS

MICROBIOMICS EPIGENOMICS
MULTI-OMICS
PHOSPHOPROTEOMICS TRANSCRIPTOMICS

LIPIDOMICS PROTEOMICS

Fig. 2. Different types of multi-omics data.

Databases for multi-omics data.

methylation, and copy number variations (CNVs). Another famous
database is the Molecular Taxonomy of Breast Cancer International
Consortium (METABRIC) [15], which contains genomic and tran-

Database Source IS‘“’- ”{ Type of Data scriptomic data from over 2000 breast cancer patients, making it a key
ampres source for studies on cancer subtyping and prognosis using ML/DL

TCGA Cancer tissue >20,000 Genomic (mutations, approaches.

;agmples actr;ss samples ?N::I)I’\trar_l;;rgtomlc The Cancer Cell Line Encyclopedia (CCLE) [16] provides data on
cancer types m. , M1 y . . . . .

epigenomic hundreds of cancer cell lines, including genomic alterations and drug

(methylation), response profiles. The Therapeutically Applicable Research to Generate

proteomic. Effective Treatments (TARGET) [17] focuses on pediatric cancers.

METABRIC Breast cancer >2000 breast  Genomic (mutations, Furthermore, Gene Expression Omnibus (GEO) [18], one of the largest
tissue samples cancer CNVs), transcriptomic . I . . .

: public repositories, stores gene expression data across various condi-
samples (mRNA expression), . . . .
clinical data). tions and species. The International Cancer Genome Consortium (ICGC)

CCLE Cancer cell lines >1400 cell Genomic (mutations, [19] and the 1000 Genomes Project [20] are both large-scale collabo-
from various lines CNVs), rative projects aimed at understanding the genomic changes in various
tissues tran““ptg“tlm’ drug types of cancer and collect genomic data from individuals representing

response data . . . . .
TARGET Pediatric cancer £3000 Genomic (mutations, d1v<?rse populations worldw1de.~ Lastly, th.e Gen.otype—Tlssue Express%on
tissue samples pediatric CNVs), Project (GTEx) [21] database links genetic variants to gene expression
cancer cases transcriptomic, across different human tissues, providing insights into gene regulation
g‘ethylaﬁon’ clinical and disease mechanisms.
ata. . . . .

GEO Public repository 2 million Transcriptomic By integrating data from these Fepomtorles, ML anc.l DL‘ models can
for gene samples (mRNA, miRNA, non- learn complex patterns across multiple layers of biological information,
expression coding RNA supporting more accurate disease prediction and biomarker discovery.
studies expression), However, rigorous external validation remains essential to ensure their

EPIgenomic, genomic, reliability and clinical applicability.
proteomic.

GTEx Normal human >17,000 Genomic (SNPs),
tissues from samples transcriptomic (gene 3. Challenges in multi-omics integration
various donors across 54 expression), eQTLs

tissues fﬁ;‘: Zi;‘::e trait In multi-omics research, data integration challenges make it chal-
loci). lenging to understand how different datasets work together and affect

The 1000 Genomic DNA >2500 Genomic (mutations, results. These obstacles can limit a clear, unified view across diverse

Genomes from blood or individuals CNVs), omics layers, stopping comprehensive conclusions. Developing robust
project other non- from 26 transcriptomic, - - integration platforms is essential to manage this complexity and unlock
disease-specific populations methylation, clinical d biological und di Fio. 3
tissues of healthy data. eeper biological understanding (see Fig. 3).
donors.
The International tumor samples >25,000 Genomic (mutations,
Cancer and matching cancer CNVs), 3.1. High dimensionality and data sparsity
Genome normal tissues genomes transcriptomic,
Consortium from cancer methylation, clinical Omics data, which include high-throughput molecular information
(ICGC) patients. data.

from genomics, transcriptomics, proteomics, and metabolomics, have
greatly enhanced our understanding of biological processes and disease
mechanisms, advancing precision medicine strategies. However, these
datasets are often characterized by a limited number of samples relative
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Fig. 3. Challenges of multi-omics data integration.

to the number of features, resulting in high dimensionality and data
sparsity. This imbalance leads to several challenges: Distance-based
metrics become unreliable, models tend to capture noise rather than
meaningful biological patterns, and missing or undetected values further
complicate analysis, often causing overfitting and unreliable predictions
[22,23].

To address these obstacles, various methodological solutions are
available. Techniques for reducing data dimensionality such as Principal
Component Analysis (PCA) [24], t-distributed Stochastic Neighbor
Embedding (t-SNE) [25], Uniform Manifold Approximation and Pro-
jection (UMAP) [26], TriMAP [27], LargeVis [28], and autoencoder
networks [29], streamline complex datasets while retaining critical
biological features. Penalization methods like L1 (Lasso) and L2 (Ridge)
regularization help prevent model overfitting by controlling the flexi-
bility of the predictive algorithms. Missing data can be managed using
imputation strategies, including k-nearest neighbors (kNN) and matrix
factorization techniques, thereby enhancing both the integrity of the
dataset and the reliability of downstream analyses. Collectively, these
approaches facilitate the robust integration and meaningful interpreta-
tion of multi-omics information.

3.2. Handling heterogeneous data types

Multi-Omics data consists of various biological data types, such as
categorical data, continuous data, and ordinal data. These data types are
generated by different technologies, each with unique formats, scales,
and statistical distributions, making their integration a significant
challenge [30]. One of the primary challenges lies in the different scales
of the data. Omics data often vary in scale. For instance, gene expression
levels may span a wide range, while others may simply be 0 or 1.
Aligning these datasets onto a common scale can be difficult. Addi-
tionally, there are variable data structures to consider, as each omics
layer follows distinct structural formats. For instance, protein-protein
interactions may be represented as networks, whereas gene expression
data are organized in a structured form. Moreover, the biological context
of different omics data types can vary, making it challenging to combine
them in a way that accurately reflects the underlying biological inter-
action [30].

To address these challenges, data transformation techniques, such as

standardization or normalization (for instance, z-score normalization or
quantile normalization), can help harmonize different scales across
omics layers [31,32]. Multi-layer networks is another approach,
knowing that network-based methods, such as heterogeneous network
integration, allow for the modeling of various biological interactions
(including gene-gene or protein-protein (PPI)), addressing structural
differences [33]. Lastly, matrix factorization techniques, including
non-negative matrix factorization (NMF) and multi-view canonical
correlation analysis (CCA), can identify shared patterns across different
omics layers, which enables a more effective integration of heteroge-
neous data types [34,35]. More recently, Self-normalizing neural net-
works (SNNs) are more and more popular. They are particularly
interesting because of their ability to enable high-level abstract repre-
sentations without the need for batch normalization by using scaled
exponential linear units (SELUs) to automatically maintain neuron ac-
tivations at zero mean and unit variance [36].

3.3. Data preprocessing and harmonization

Data preprocessing and harmonization are critical steps in preparing
multi-omics data for integration. This process involves cleaning the data,
removing noise, and ensuring consistency across various datasets.
Without proper preprocessing, the accuracy and quality of downstream
analyses can be significantly compromised, leading to unreliable results.

One major challenge is batch effects, which arise when data is
collected from different batches, labs, or platforms, which often leads to
systematic differences caused by technical variation rather than bio-
logical factors which affect biological signals [37]. Data cleaning is
another critical challenge, as datasets often include missing values,
outliers, or noisy measurements that can bias results if not handled
appropriately. Additionally, inconsistent annotations across datasets are
very common as well [38]. Moreover, normalization and scaling across
platforms pose significant challenges due to technology-specific biases
inherent in different omics approaches [39].

To address batch effects, methods like ComBat (R function) or
Remove Unwanted Variation (RUV) (R function) can help reduce tech-
nical variability, allowing biological signals to emerge more clearly
[40-42]. For handling missing data and noise, advanced imputation
techniques such as multiple imputations by chained equations (MICE)
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[43] are mostly used, in addition to smoothing techniques that can
reduce noise without losing important biological patterns. Ontology
mapping, using standardized ontologies like Gene Ontology (GO) [44]
or databases like UniProt [45] and Ensembl [46], can resolve inconsis-
tent annotations, facilitating more accurate integration of cross-platform
data. Finally, cross-omics normalization techniques, such as quantile
normalization or variance-stabilizing transformation [37,47], can be
applied to align datasets from different omics technologies onto a
common scale, ensuring data from different platforms is compatible.
Addressing these challenges in multi-omics integration is critical for
extracting meaningful insights from complex, multi-layered biological
data. Techniques such as dimensionality reduction, network-based ap-
proaches, and robust data harmonization methods can mitigate some of
these issues, but further advancements in both AI methodologies and
omics technologies are needed to fully understand the potential of in-
tegrated multi-omics analysis. Table 2 lists some of the main of those
challenges, providing some of the latest publications addressing them.

4. AI methodologies for multi-omics

This review examines recent (2020-2024) developments in deep
learning approaches for multi-omics data integration in cancer research,
a period marked by rapid advances in sequencing technologies,
computational frameworks, and open-source tools. We focused on this
timeframe to ensure a current and targeted analysis, with particular
attention to methods that show translational potential. To maintain
consistency across studies, we prioritized those using data from The
Cancer Genome Atlas (TCGA). Alongside methodological performance,
we also considered ethical and practical aspects such as model trans-
parency, fairness, and clinical applicability.

Our selection process involved a systematic search on PubMed and
Google Scholar using keyword combinations like “multi-omics,” “deep
learning,” “cancer,” and “TCGA” After removing around 50 duplicates,
we screened titles and abstracts to retain studies centered on TCGA-
derived multi-omics datasets. From an initial pool of 50 articles, we
selected 32 based on methodological robustness and clarity of presen-
tation (see Fig. 4).

While peer-reviewed publications were given priority, we also
included preprints from platforms like bioRxiv and arXiv when they
offered sufficient methodological transparency.

Integrating multi-omics data brings several challenges, including
high dimensionality, missing values, heterogeneous modalities, and
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batch effects. To tackle these, recent models have adopted deep learning
strategies that focus on robust feature representation, modality fusion,
and cross-modal generalization. We categorized these methods into
three main groups, generative, non-generative, and hybrid, based on
their architectural frameworks and integration logic. Each class ad-
dresses distinct aspects of the fusion problem. Fig. 5 illustrates the
conceptual grouping, while Table 3 summarizes the characteristics,
applications, and evaluation metrics of the 32 selected models.

This section explores how these model types, through techniques
such as imputation, attention mechanisms, graph-based reasoning, and
latent space modeling, are used to overcome the biological and
computational complexities of multi-omics integration in oncology.

4.1. Generative models

Generative models represent a class of machine learning frameworks
designed to capture the underlying structure or probability distributions
within data. In essence, these models enable systems to synthesize new
data instances based on the patterns learned from training examples.
Their application has expanded within multi-omics research, where they
help to overcome issues like limited sample sizes, high feature dimen-
sionality, and inconsistencies between data types. By extracting under-
lying, low-dimensional representations from complex omics datasets,
generative models support more robust data integration and down-
stream analysis. Recent developments have focused on architectures
such as Variational Autoencoders (VAEs), Generative Adversarial
Networks (GANs), and Generative Pretrained Transformers (GPTs).

Variational Autoencoders (VAEs) are especially valued for their
ability to generate concise and informative latent spaces from high-
dimensional data. For instance, the MetaCancer pipeline [67] initiates
preprocessing by discarding features with more than 25 % missing en-
tries and removing samples lacking at least 75 % of features. It employs
the R ‘impute’ function, using nearest neighbor averaging, to fill in gaps
before feeding the data into a convolutional VAE. Likewise, OmiEmbed
[69] utilizes mean imputation for missing molecular measurements and
applies normalization before data embedding. In TMO-Net [70], gene
expression matrices are filtered to remove genes with low variance
(standard deviation < 1), while copy number variation (CNV) data re-
tains segments with fewer than 5 % zero values, reducing background
noise before integrating modalities. MoVAE [68] excludes features
missing in over 20 % of samples, imputes remaining gaps with k-nearest
neighbors, and uses z-score normalization to standardize across gene

Table 2
Challenges of Multi-omics integration.
Challenge Description Solution References
Curse of High-dimensional datasets result in sparse data, making distance-based = Dimensionality reduction techniques (PCA, t-SNE, [48,49]
Dimensionality metrics less effective and reducing model reliability. Autoencoders) to reduce feature space while preserving key
information.
Overfitting A high number of features relative to the sample size increases the risk of ~ Regularization techniques (L1, L2) to penalize complexity and  [50,51]
overfitting, causing models to capture noise rather than biological reduce overfitting.
patterns.
Sparsity of Data Missing or undetected measurements in multi-omics datasets lead to Imputation methods (k-Nearest Neighbors, matrix completion [38,52]
data sparsity, complicating the discovery of patterns or predictions. algorithms) to manage missing data.
Different Scales Different data types, such as binary genomic data and continuous gene  Data transformation techniques (z-score normalization, [32,53]
expression data, complicate integration due to varying scales. quantile normalization) to harmonize data scales.
Variable Data Diverse omics layers (networks for protein-protein interactions vs. Multi-layer networks and heterogeneous network integration [54-56]
Structures tabular gene expression data) create challenges for integration. to model various biological interactions in a unified
framework.
Biological Context Systematic differences across data from different labs, batches, or Batch effect correction methods (ComBat, RUV) to minimize [37,57]
platforms can obscure true biological signals. technical variability and highlight biological signals.
Data Cleaning Issues like missing values, outliers, and noisy measurements in real- MICE and smoothing techniques to clean and refine the dataset ~ [58,59]
world datasets can bias results if not addressed. for more reliable analysis.
Inconsistent Variations in gene/protein/metabolite identifiers across platforms can Ontology mapping using standardized resources (GO, UniProt, [60,61]
Annotations lead to integration errors. Ensembl) to resolve annotation inconsistencies.
Normalization Across Different omics technologies introduce inherent biases, such as Cross-omics normalization (quantile normalization, variance- [39,62]
Platforms differences in sensitivity or dynamic range, requiring correction before  stabilizing transformation) to align data for comparison.

integration.
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Fig. 4. PRISMA flow chart of screening process.

expression, methylation, and CNV profiles.

Generative Adversarial Networks (GANs) also play a key role in
preprocessing through data augmentation and normalization. ctGAN
[65] selects survival-associated genes via Cox proportional hazards
(CoxPH) models and augments limited datasets by learning to replicate
patterns observed in larger cohorts such as breast cancer (BRCA).
Subtype-GAN [64] normalizes input distributions separately for mRNA,
miRNA, copy number, and methylation data, integrating batch
normalization layers to stabilize training and reduce mode collapse
risks.

Generative Pretrained Transformers (GPTs) like mosGraphGPT [73]
preprocess multi-omics data, for example in Alzheimer’s disease
research, by aligning samples, standardizing gene counts, and con-
structing knowledge graphs derived from KEGG pathways.
PATH-GPTOMIC [72] refines bulk RNA-seq data using the scGPT model
[94], which was initially trained on single-cell RNA-seq data. It lever-
ages the pretrained backbone to generate a smooth latent space for bulk
RNA-seq embeddings and introduces a smoothing module to address
distribution shifts between single-cell and bulk transcriptomic data.

4.2. Non-generative methods

Unlike generative models, non-generative models do not explicitly
represent the underlying data distribution; instead, they concentrate on
learning direct mappings from input data to output predictions. Their
approach is often more straightforward, typically requires fewer pa-
rameters, and generally demands less computing power. Below, we
discuss several non-generative techniques: Graph Attention Networks
(GATs), Graph Convolutional Networks (GCNs), Autoencoders, and
Feedforward Neural Networks (FNNs).

Graph Attention Networks (GATSs), like GREMI [74], perform feature
selection to identify significant variables and construct co-functional
networks for each omics layer, enabling graph-based learning tailored
to disease characterization. Similarly, MODILM [75] uses GATs to learn
sample-specific and intra-association features from similarity networks
for each omics modality. By building these similarity networks using
cosine similarity, MODILM enhances the capture of omics-specific pat-
terns, allowing better integration of multi-omics data and improving
classification accuracy for complex diseases. MOGAT [76] mitigates bias
by including only samples present across all eight modalities (mRNA,
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Fig. 5. Types of Al-based methods.

miRNA, IncRNA, methylation, SNV, CNA, eigengenes, clinical), with
data cleaned and normalized to balance contributions.

Graph Convolutional Networks (GCNs), such as MOGONET [78],
filter DNA methylation probes linked to gene promoters and apply
variance thresholds (0.1 for mRNA, 0.001 for methylation) to retain
informative features. cAGCN [80] normalizes gene expression, methyl-
ation, and CNV data using min-max scaling across global, gene-wise, and
sample-wise dimensions, then maps these values onto a STRING PPI
network for attention-based integration.

Autoencoders like MOCSS [85] process mRNA, miRNA, and
methylation data using min-max normalization to [0,1], while Song
et al.’s model [86] removes probes or genes with >50 % missing values
and imputes gaps using the R impute package. Feedforward Neural
Networks (FNNs), such as DeepKEGG [55], preprocess SNV data by
binarizing mutations and normalize mRNA/miRNA expression mapped
to KEGG pathways. DeepOmix [91] retains the top 5000 variable
methylation and CNV features based on standard deviation and nor-
malizes RNA-seq counts using DESeq2.

Convolutional Neural Networks (CNNs), like PCA-SMOTE-CNN [92],
preprocess RNA-Seq, miRNA, and methylation data by filtering
low-expression genes, applying DESeq2 or LIMMA for differential
analysis, and using PCA for dimensionality reduction. Pathomic Fusion
[93] extracts feature from histology images using CNNs, models cell
relationships with GCNs and normalizes genomic data to z-scores before
fusing them in a multimodal architecture.

In addition to purely generative and non-generative models, hybrid
approaches have emerged as powerful solutions for multi-omics data
integration. These models combine the strengths of both paradigms,
leveraging the data generation and imputation capabilities of generative
models while retaining the interpretability and efficiency of non-
generative methods. For example, MultiGATAE [77] integrates GATs
with autoencoders to achieve robust feature extraction and

classification. Similarly, SMMSN [81] combines GCNs with stacked
autoencoders (SAEs) to enhance multi-omics data integration and
improve cancer subtype classification. Hybrid models are particularly
effective in addressing challenges such as missing data, high dimen-
sionality, and modality heterogeneity, making them a promising avenue
for future research in multi-omics oncology (see Table 4).

In addition, a recent survey by Lan et al. [95] critically examines
transformer-based single-cell language models such as scGPT, empha-
sizing their role in enabling cross-modal data integration, scalability,
and attention-driven interpretability in single-cell multi-omics analysis.
While the focus is on single-cell resolution, the architectural innovations
discussed also prove valuable in bulk-tissue oncology, particularly latent
space regularization and attention-based weighting. These principles are
reflected in recent models like TMO-Net, which adapts cross-modal
fusion to infer interactions between mutation and expression profiles,
and PATH-GPTOMIC, which repurposes the scGPT backbone for bulk
RNA-seq by incorporating smoothing modules to mitigate distribution
shifts across modalities.

In summary, common preprocessing steps include missing data
handling (kNN or mean imputation), normalization (z-score, min-max),
and feature selection (variance thresholds, ANOVA). Generative models
like VAEs and GANSs often automate preprocessing within their archi-
tectures, while non-generative tools rely on explicit pipelines. Despite
advancements, challenges like batch effect correction and transparency
in automated steps remain, highlighting the need for standardized
workflows in future research.

4.3. Technical foundations of multi-omics integration models

We outline three representative architectures for multi-omics inte-
gration (MOGONET, TMO-Net, and MultiGATAE) showing their distinct
fusion mechanisms and loss designs for classification, prediction, and
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DL-based methods for multi-omics data.
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Model

Method

Modalities

Use-case

Year

Performance Metrics

OmicsGAN [63]

Subtype-GAN [64]

ctGAN [65]

Al-Hurani et al.
[66]

MetaCancer [67]

MoVAE [68]

OmiEmbed [69]

TMO-net [70]

cXVAE [71]

PATH-GPTOMIC
[72]

mosGraphGPT
[73]

GREMI [74]

MODILM [75]

MOGAT [76]

GAN

GAN

GAN

GAN + AE

VAE

VAE

VAE

VAE

VAE

GPT

GraphGPT

GAT

GAT

GAT

mRNA, microRNA expression

mRNA, miRNA, CNV, DNA
methylation

RNA-seq (mRNA expression)

mRNA, DNA methylation,

miRNA, clinical

RNA-Seq, microRNA-Seq, DNA
methylation

DNA methylation, miRNA,
mRNA, CNV

Gene expression, DNA
methylation, miRNA

Mutation, mRNA, CNV, DNA
methylation

mRNA, DNA methylation

CNV, RNA-seq, Pathology images

DNA methylation, Reverse Phase
Protein Array (RPPA), mutations,
RNA-seq, clinical

mRNA, DNA methylation,
miRNA

miRNA, mRNA, DNA
methylation

mRNA, DNA methylation,
miRNA, CNV, mutations, RPPA,
IncRNA, clinical,

Cancer subtype
classification & Survival
prediction

Cancer subtype

classification

Survival prediction

Subtype classification

Subtype classification

Subtype classification

Subtype classification

Subtype classification

Disease subtype
clustering

Survival prediction

Classification & target
discovery

Subtype classification

Complex disease
classification

Subtype classification &
survival analysis

2022

2021

2024

2024

2021

2024

2021

2024

2024

2024

2024

2024

2023

2024

Demonstrates improved cancer prediction across BRCA, LUAD,
and OV. Synthetic data significantly outperforms original and
concatenated mRNA + miRNA in Area Under the Curve (AUC)
(ER status AUC: 0.948 vs. 0.913; P < 0.001). Also identifies a
greater number of significant predictive features, validating the
utility of biologically informed integration.

Demonstrates significant survival separation (P = 5e-3) and
clinical parameter enrichment; recovers TCGA BRCA subtypes (P
= le-7); integrates multi-omics data across 10 cancers with
superior performance to AE, iCluster, and LRAcluster.
Demonstrates significant Concordance Index (C-index) and log-
rank p-value improvements over real data and other models in 9/
11 cancers; up to ~15.7 % C-index increase (COAD);
Outperformed trVAE and stVAE; validated by extensive cross-
validation.

BRCA: Accuracy 95.1 %, AUC 1.00, Precision 100 %, Recall 81.5
%, F1 89.8 %); all outperform SMOTE-SVM-RBF.

BLCA: Accuracy 88.8 %, AUC 91.2 %, Precision 85.4 %, Recall
75.9 %, F1 80.4 %; outperform NMF-GA except recall.
CVAE-based feature extraction outperforms network- and rank-
based methods (83.8 % accuracy vs. 78.5 % and 74.2 %).
MetaCancer multi-omics integration (88.9 % accuracy, 91.2 AUC)
surpasses single-omics and ensemble SVM (82.5 % accuracy).
mRNA contributes most among single omics.

Pan-Cancer single-omics best with mRNA (Acc 89.45 %, AUC
98.14 %). Two-omics avg 85.87 %, best with miRNA + mRNA
(86.77 %). Three-omics avg 85.67 %, best at 87.55 %. Four-omics
lower (79.76 %). Outperforms OmiVAE, X-VAE, ConsVAE,
ConVAE; reconstructs missing omics with low error.

Learns unified multi-omics embeddings for dimensionality
reduction, classification, regression, and survival. BTM subtype:
F1 0.832, Acc 0.875, AUC 0.994. GDC subtype: F1 0.968, Acc
0.977, AUC 0.999 with gene + DNA methylation + miRNA).
Phenotypes: Disease stage F1 0.817, Primary site F1 0.972,
Gender F1 0.956. Age prediction: MAE 8.37, RMSE 10.66, R2
0.479. Survival: C-index 0.772, IBS 0.166. Multi-task learning
improves all metrics (C-index 0.782, F1 0.965, RMSE 10.63, MAE
6.68).

Learns pan-cancer multi-omics embeddings for subtype,
prognosis, drug response, and metastasis. Pan-cancer subtype F1
0.751; METABRIC breast subtypes F1 0.921; metastasis F1
0.8980; drug response best AUC 0.697; prognosis avg C-index
0.6344. Excels at reconstructing missing omics and identifying
key biomarkers.

Achieves best deconfounding in linear (ARI 0.712), nonlinear
(ARI 0.646), and categorical confounders (ARI 0.664). Handles
multiple confounders with ARI 0.634. Confounder ARIs <0.001.
Recovers biological clusters masked by confounders. Outperforms
other XVAE variants in accuracy and robustness.

Achieves top survival prediction on TCGA-GBMLGG (C-index
0.848) and TCGA-KIRC (C-index 0.754), surpassing PathOmics
and Pathomic Fusion. Mix-up smoothing and gradient modulation
improve scGPT embeddings for bulk RNA-seq integration.
Achieves ~75.1 % accuracy in AD prediction vs. GNN, GAT, GIN,
and UniMP. Learns signaling subnetworks revealing AD-specific
pathways. Identifies top biomarkers via p-values and pathway
enrichment. Excels in reconstructing signaling flows and
extracting interpretable disease mechanisms.

Outperforms 14 methods across ROSMAP, BRCA, LGG, KIPAN
datasets. Achieves AD accuracy up to 86.4 %, BRCA subtype F1-
weighted up to 87.7 %. Excels in multi-omics fusion, identifying
disease modules linked to phosphoinositide signaling (AD) and
Whnt signaling (BRCA). Validates LGG biomarkers in CGGA cohort
(F1 = 0.731, P = 4.8e-2).

Outperforms MOMA, MOGONET, and other methods on
ROSMAP, LGG, BRCA, SKCM, LUSC datasets, with up to +21.6 %
gains in F1-weighted. Best performance with 2 GAT layers and 2
MLP layers. Ablations show GAT and VCDN crucial for accuracy.
Multi-omics integration improves results, though mRNA alone
can sometimes match triple-omics.

Outperforms MOGONET and SUPREME on BRCA subtype
prediction. Achieves macro-F1 0.826 (all 8 omics), with mRNA
contributing most. GAT embeddings improve survival

(continued on next page)
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Model

Method

Modalities

Use-case

Year

Performance Metrics

MultiGATAE [77]

MOGONET [78]

MoGCN [79]

cAGCN [80]

SMMSN [81]

DeepMOCCA [82]

Braytee et al. [83]

DeepAutoGlioma
[84]

MOCSS [85]

Song et al. [86]

GAT + AE

GCN

GCN

GCN

GCN + SAE

GCN

AE

AE

AE

AE

mRNA, DNA methylation,
miRNA

mRNA, DNA methylation,
miRNA

CNV, RNA-seq, RPPA

mRNA, DNA methylation, CNV

mRNA, DNA methylation,
miRNA

differential gene expression,
differential methylation, CNVs,

SNVs, clinical

CNV, DNA methylation, miRNA,

RNA-seq, clinical

RNA-seq (gene expression), DNA

methylation

mRNA, miRNA, DNA
methylation

mRNA, miRNA, DNA
methylation

Subtype classification

Subtype classification

Subtype classification

Breast cancer subtyping

Cancer clustering

Survival prediction

Cancer risk clustering &
survival analysis

Glioma subtyping

Cancer subtyping

Colorectal cancer
survival stratification

2022

2021

2022

2023

2024

2021

2024

2023

2023

2022

stratification (log-rank P 2.10e-30, HR 0.10) vs. raw features.
Visualizations show clearer subtype clusters than raw data.
Outperforms eight clustering methods on eight TCGA cancers
(KIRC, BRCA, COAD, SKCM, GBM, LUSC, LIHC, OV), achieving
highest negative log10 p-values and C-index on most datasets.
Identifies prognostic subtypes with distinct survival curves. Multi-
omics integration improves results over single-omics, with DNA
methylation most informative.

Outperforms nine supervised multi-omics methods on ROSMAP
(AD), LGG, BRCA, and KIPAN datasets. GCNs learn omics-specific
relations; VCDN captures cross-omics label correlations. Multi-
omics integration boosts performance over single omics.
Identifies biomarkers linked to AD and breast cancer pathways.
Ablations show GCN and VCDN critical for accuracy.
Outperforms DT, KNN, RF, SVM, DNN, GrassmannCluster, and
HOPES on BRCA and KIPAN datasets. Achieves BRCA subtype
identification and 97.7 % accuracy/F1 in KIPAN classification.
Integrates AE features and SNF-based patient similarity networks
via GCN for stable, interpretable results. Discovers pathways
including Wnt, PI3K-AKT-mTOR, EMT processes.

Outperforms simple GCN, MLPs, and other methods on BRCA,
COAD, and Pan-cancer datasets. Achieves AUC up to 0.97 and
robust performance despite class imbalance, particularly
excelling in basal-like BRCA classification. Uses SE and cross-
omics attention for feature fusion and interpretability. Identifies
subtype-specific driver genes and pathways and maintains
predictive performance on unlabeled samples.

Outperforms traditional and deep clustering methods on labeled
and unlabeled datasets. Achieves 85.34 % ACC on KIPAN and
lowest survival p-values across five cancers. Dual self-supervised
learning integrates SAE and GCN for robust multi-omics fusion.
Identifies subtype-specific drivers (EGFR in GBM, Wnt pathway in
BIC).

Integrates multi-omics data in a graph-CNN framework to predict
patient survival directly from tumor-specific molecular and
clinical features. Incorporates a sample-specific graph-attention
module to highlight prognostic genes, many of which correspond
to established cancer drivers. Demonstrates that learned
representations naturally group related tumor types (COAD with
READ, LGG with GBM), underscoring the model’s ability to
capture biologically meaningful patterns.

Combines CANDECOMP/PARAFAC (CP) tensor decomposition
with autoencoders to extract latent factors from multi-omics data,
followed by SHAP for biomarker interpretation. Outperforms
MOFA in stratifying glioma and breast cancer patients into risk
groups based on survival, achieving significant p-values in
Kaplan-Meier analysis. Identifies subtype-relevant biomarkers
and pathways (immune signaling in glioma, cytoskeleton
organization in breast). Latent features enable tumor purity
classification in breast cancer with up to 0.69 accuracy via
Random Forest.

Integrates survival-associated DEGs and promoter DMRs via an
autoencoder to generate biologically grounded latent features. A
1D CNN achieves 98.03 % accuracy for LGG and 94.07 % for GBM
subtyping, significantly outperforming both single-omics and
random-feature baselines. External validation yields 95.23 %
(LGG) and 90.26 % (GBM) accuracy. Identified latent features
map to pathways such as ALK signaling and cell-cell adhesion,
underscoring the value of biologically guided feature selection
and di-omics integration for high-accuracy classification.
Sources

Learns multi-omics representations via autoencoders and
contrastive learning with orthogonality constraints. Outperforms
SNF, NEMO, DeFusion, MDICC, Subtype-GAN, and Subtype-DCC
across five cancers, achieving top clustering accuracy and survival
stratification. Identifies subtype-specific biomarkers (SLC14A2,
miR-4746-5p in LUAD) and reveals clinical correlations such as
smoking-linked aggressive subtypes.

Integrates multi-omics data via autoencoders to identify two CRC
risk groups (G1, G2), with G2 linked to poorer survival.
Outperforms PCA, t-SNE, NMF, and individual Cox models in
capturing survival-related features. Validated across five external
cohorts. Reveals distinct DEGs, DEmiRNAs, and DMGs between
subtypes, implicating pathways such as Wnt, PI3K-Akt, and
immune regulation in aggressive CRC biology.

(continued on next page)
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Model

Method

Modalities

Use-case

Year

Performance Metrics

DeepMolC [87]

CustOmics [88]

DeepKEGG [55]

DeepMO [89]

DSCCN [90]

DeepOmix [91]

PCA-SMOTE-CNN
[92]

Pathomic Fusion
[93]

AE + GCN

VAE

FFN + AE +
attention

DNN (late
fusion)

DNN +
Attention

FFN

CNN

CNN-GCN-
SNN

mRNA, DNA methylation,
miRNA, CNV, RPPA

CNVs, Gene expression, DNA
methylation

SNV, mRNA, miRNA, clinical

mRNA, DNA methylation, CNV

mRNA, DNA methylation

Mutations, CNA, gene expression,
DNA methylation

RNA-Seq, miRNA, DNA
methylation

CNV, mutation, RNA-Seq,
Histology, Cell graphs

Cancer subtyping &
survival prediction

Cancer classification &

survival analysis

Cancer recurrence

prediction

Breast cancer subtyping

Breast cancer subtyping

Survival prediction

Lung cancer staging

Survival prediction

2024

2023

2024

2020

2024

2021

2024

2022

Combines autoencoders with deep GCNs and a patient similarity
network to classify subtypes and predict survival across BRCA,
KIPAN, LGG, and TCGA-pan-cancer cohorts. Reports BRCA
accuracy ~84.3 % and F1 ~ 81.0 %, surpassing DeepMO,
MOGONET, and MoGCN. Autoencoder-selected biomarkers are
enriched in pathways such as p53 and Wnt. Kaplan-Meier curves
demonstrate significant subtype separation (log-rank p < 0.01).
Ablation studies on GCN depth, residual connections, and the PSN
confirm robustness.

Introduces a variational autoencoder for multi-omics integration,
outperforming MFA, UMAP, and NMF in pan-cancer tumor
classification and survival prediction. Achieves superior accuracy
and survival stratification, leveraging cross-omics interactions.
SHAP-based interpretability reveals subtype-relevant genes like
TFF1. Late and joint integration improve multi-omics learning.
RNA-Seq is the most informative modality.

For survival analysis, CustOmics significantly outperforms other
methods across five TCGA cohorts, successfully stratifying
patients into high/low-risk groups

Leverages a pathway self-attention mechanism integrated with
autoencoders to capture gene/miRNA-pathway relations in multi-
omics data. Outperforms state-of-the-art methods (MOGONET,
PathCNN ...) in AUC and AUPR across multiple TCGA and
TARGET datasets, showing up to 6-7 % gains. Identifies potential
biomarkers and pathways (MAPK, Hippo, PI3K-Akt ...) linked to
cancer recurrence. Demonstrates superior performance over
single-omics models and provides biologically interpretable
insights for personalized cancer prediction

Outperforms single-omics models and other integration methods
(MKL, Elastic Net, RF), achieving mean AUC up to ~0.96 in
binary breast cancer subtype classification and stable multi-class
performance. Incorporates chi-squared feature selection to
improve accuracy and training speed. Identifies subtype-relevant
genes and pathways (MED1, GRB7, cell cycle, morphogenesis ...).
Integrates differential analysis and Sparse Canonical Correlation
Analysis (FGL-SCCA) to identify correlated mRNA and DNA
methylation features, followed by a deep neural network with
module encoding and attention for subtype classification.
Achieves superior performance in both binary and multi-class
breast cancer subtype prediction, outperforming methods like
DIABLO, SMSPL, DeepMO, and ensemble classifiers. Identifies
biologically relevant gene signatures linked to subtypes and offers
insights into regulatory correlations between omics layers.
Integrates multi-omics data and prior biological knowledge via a
feed-forward neural network with a functional module (pathway)
layer representing KEGG and Reactome pathways. Learns non-
linear, low-dimensional pathway embeddings to predict survival
outcomes. Outperforms methods like glmboost, IPF-LASSO, block
forest, DeepHIT, and DeepSurv in C-index across eight TCGA
cancer types. Enables functional interpretation by linking
pathway activations to survival risk, highlighting pathways
associated with high- and low-risk patient groups.

Employs PCA for dimensionality reduction and SMOTE for class
balancing, feeding integrated multi-omics data into a 1D CNN
with convolutional, pooling, and dense layers for multi-class lung
cancer stage prediction. Achieves high performance (accuracy
and F1-score of 0.97) and outperforms methods like LungDWM,
CVAE-based models, CC2DT, SVM ensembles, and classical ML
algorithms. Demonstrates superior results over single-omics
inputs and reaches a perfect AUC (1.00) when integrating all
three omics types, highlighting the advantage of multi-omics
integration.

Integrates histology images, cell graphs, and genomic features
using multimodal deep learning with late tensor fusion. Combines
CNNs s for image ROIs, GCNs for cell graphs, and SNNs for genomic
data. Achieves higher concordance index (glioma: 0.826; CCRCC:
0.720) than unimodal models and prior state-of-the-art,
improving survival prediction and grade classification. Provides
multimodal interpretability linking morphological regions,
cellular structures, and genomic markers (IDH1, PTEN, EGFR in
glioma; CYP3A7, PITX2 in CCRCC) to patient risk. Outperforms
WHO grading and traditional Cox models in patient stratification.

10
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Table 4

Comparison of generative, non-generative, and hybrid models in multi-omics

data integration.

Aspect Generative Non-Generative Hybrid

Characteristics Learn data Direct input-output Combines both
distributions, mapping. approaches
generate new data.

Examples VAEs (MoVAE, GATs (GREMI, MultiGATAE
TMO-Net), GANs MOGAT), GCNs (GAT + AE),
(ctGAN, Subtype- (MOGONET, SMMSN (GCN
GAN), GPTs cAGCN), + SAE)
(mosGraphGPT). Autoencoders

(MOCSS,
DeepAutoGlioma),
FNNs (DeepKEGG).

Main Uses Latent feature Feature extraction, More robust
learning, classification, multi-modal
denoising, clustering, subtype/ fusion, partial-
augmentation, risk prediction. modality
imputation, cross- training,
modal alignment, subtype
downstream discovery.
classification and
survival

Strengths Handles missing Simpler, efficient, Combines
data and high interpretable. strengths of
dimensionality. both

Limits Computationally Limited ability to More complex
intensive and less handle missing data. to implement
interpretable. and tune.

Missing Data Can reconstruct Needs external Partial-
and impute from imputation and modality
latent. masking. training and

shared latent
mitigate
missing views.

Interpretability  Latent factor Saliency, attention, Combined
analysis, SHAP; sometimes latent +
reconstruction clearer due to direct attention +
influence, and mapping. attribution
pathway
enrichment.

subtype discovery.

MOGONET exemplifies a dual-phase graph-based approach for su-
pervised multi-omics integration. In the first phase, each omics modality
is represented as a graph using sample-wise cosine similarity, followed
by graph convolutional networks (GCNs) to learn omics-specific em-
beddings and predictions. The adjacency matrix is normalized sym-

metricallyas A = D%l A D;lz, where A is the adjacency matrix with self-
loops and D is the diagonal node degree matrix. Each GCN is optimized
using a cross-entropy classification loss. In the second phase, MOGONET
captures cross-omics interactions by computing an outer product of
predicted class probabilities across modalities, forming a discovery
tensor. This tensor is reshaped and input into a View Correlation Dis-
covery Network (VCDN), which integrates multimodal information for
final classification. The overall objective combines modality-specific
classification losses with the VCDN loss.

TMO-Net models multi-omics data X = {X;,X>,...,Xm }, where each
modality X; € R™% represents n samples and d; features. Each modality
is encoded using a modality-specific variational autoencoder (VAE) to
generate latent embeddings z;. These embeddings are optimized through
evidence lower bound (ELBO) objective that includes both self-modal
and cross-modal reconstruction losses, denoted as Lggo. A Cross
Fusion Module (CFM) integrates { 21, ..., 2y } using a Product-of-Experts
mechanism, supporting inference when some modalities are missing.
The fused representation is used for downstream tasks including clas-
sification (cross-entropy loss L), survival prediction (Cox loss L), and
drug response prediction (mean squared error loss L) when included.
These are collectively denoted as L, selected based on the prediction
objective. The total training loss is defined as Lyytqq = Lgrso + A1+ Las +
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A2-Leox + A3-Lmse, Where 11, 12, and A3 weight the auxiliary losses (unused
tasks have 1 = 0). This formulation allows TMO-Net to learn informa-
tive, aligned, and modality-agnostic representations, while supporting
robust prediction across heterogeneous and partially missing multi-
omics datasets.

MultiGATAE performs unsupervised cancer subtyping through inte-
grated graph representation learning. First, it constructs fused similarity
graphs across omics modalities using Similarity Network Fusion (SNF).
Initial similarity matrices are computed using a kernel-based distance
metric. Cross-omics fusion is achieved through iterative similarity
network updates. A Graph Attention Autoencoder then processes the
fused graph, where attention coefficients determine neighbor impor-
tance during graph aggregation. The model minimizes adjacency

—~ 2 ~
reconstruction loss (for example Lr.con = ||A — A||; Where Aj is typically

derived from latent embeddings such as A; = o(zz;). After obtaining
modality-specific latent representations, MultiGATAE fuses them using
attention-based weights to capture cross-modal importance. The fused
representation Zgp, often computed as a weighted sum Zp, =

S pVZ0), where Z) denotes the embedding from modality v, and

B are learnable attention weights reflecting the relative importance of
each modality. K-means clustering is then applied to Zg, to identify
biologically meaningful cancer subtypes. This unsupervised pipeline
enables MultiGATAE to capture nonlinear cross-omics interactions and
identify biologically meaningful cancer subtypes.

The technical architecture presented demonstrates diverse yet
powerful deep learning strategies for multi-omics integration. Key in-
novations include: MOGONET’s modality-specific GCNs followed by
cross-omics discovery tensors and a View Correlation Discovery
Network (VCDN) for supervised classification; TMO-Net’s self-modal
and cross-modal variational autoencoders aligned via a Product-of-
Experts fusion module to enable robust inference when modalities are
missing; and MultiGATAE’s Similarity Network Fusion of sample graphs
coupled with an attention-based graph autoencoder for unsupervised
subtype clustering. These models highlight the centrality of represen-
tation learning, fusion mechanisms, and task-tailored architectures in
overcoming multi-omics heterogeneity.

Each approach addresses core integration challenges: MOGONET
smooths sparse signals via graph propagation and leverages cross-omic
label correlations in VCDN; TMO-Net reconstructs missing modalities
through cross-modal VAEs; and MultiGATAE reduces dimensionality
and enhances interpretability via graph attention. All three consistently
outperform single-omics baselines on their respective classification or
clustering tasks. Nonetheless, issues such as batch-effect correction,
scaling to larger cohorts, and standardized benchmarking persist,
underscoring the need for ongoing methodological refinement (see
Table 5).

5. Critical research gaps and validation challenges

This review identified several critical limitations in the current
landscape of deep learning models for multi-omics integration, directly
impacting their translational pathway. Protecting generalizability and
ensuring real-world utility are tightly related to overcoming data con-
straints and validation gaps.

5.1. Predominant reliance on TCGA-derived data

Even though this review intentionally focused on studies using TCGA
data, a key finding is the field’s overwhelming dependence on this
single-source dataset. While TCGA offers high-quality molecular pro-
files, this reliance introduces important concerns regarding ecological
validity. Notable limitations include the absence of multi-institutional
Electronic Health Record (EHR) integration, lack of longitudinal mo-
lecular follow-up, and limited demographic diversity in the TCGA-
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Table 5

Comparative analysis of methodological robustness in MOGONET, TMO-Net,

and MultiGATAE.

Challenge MOGONET TMO-Net MultiGATAE
Sparsity Graph Product-of-Experts GAT-based
Handling propagation (PoE) fusion + self/  attention focuses
across modality- cross-modal on informative
specific sparse reconstruction edges in fused
graphs support missing graphs
modalities

Bias Mitigation

Modality-specific

Shared VAE latent

SNF + attention

GCNs + VCDN space + PoE align AE balance
modalities modality
contributions
Dimensionality GCN embedding VAE encoder latent ~ Autoencoder
Reduction layer space latent space
Interpretability VCDN class Gradient/ Attention
probability perturbation coefficients
tensor (limited saliency on latent
feature saliency) or task heads
Computational Separate GCN per  Parallel per- Lightweight GAT
Efficiency modality + modality VAEs + + decoder
VCDN lightweight PoE
(moderate) fusion
Validation Rigor  Cross-Validation Subtype Unsupervised
on METABRIC, classification, subtype discovery
subtype survival, drug & survival
prediction response, missing- analysis
modality ablations
Clinical ER/HER2/ Pan-cancer subtype  Subtype discovery
Translation PAMS50 subtype & prognostic & biomarker
classification modeling enrichment
(experimental) (experimental) (experimental)

PanCancer cohort [96-98]. This imbalance risks reduced model per-
formance in minority populations; in many cases, model performance
for underrepresented groups remains unknown.

As a result, reported high performance metrics may not generalize
well to broader, more heterogeneous clinical populations.

This imbalance risks reduced model performance in minority pop-
ulations; in many cases, model performance for underrepresented
groups remains unknown.

Emerging research highlights how site-specific technical artifacts in
TCGA data can bias downstream Al applications. For example, Deh-
kharghanian et al. (2023) [99] showed that deep learning models
trained on TCGA histopathology slides could predict the image acqui-
sition site with up to 86 % accuracy, using non-biological cues such as
staining protocols, scanner configurations, and other institution-specific
artifacts. These medically irrelevant features risk confounding model
interpretation, particularly in histopathology-based cancer classification
and retrieval tasks. Such findings underscore the need for caution and
artifact mitigation when using centralized datasets like TCGA.

This overreliance also narrows multi-omics integration efforts
essential for decoding the layered complexity of cancer biology.
Although TCGA offers valuable infrastructure, it represents only a subset
of available resources. As Das et al. (2020) [100] emphasize, a more
generalizable approach requires leveraging a broader ecosystem of
omics repositories, including the International Cancer Genome Con-
sortium (ICGC), Catalogue Of Somatic Mutations In Cancer (COSMIC),
The Pathology Atlas, Gene Expression Omnibus (GEO), and PRoteomics
IDEntifications (PRIDE). While integrating such diverse datasets in-
troduces novel insights, it also presents challenges related to heteroge-
neity, standardization, and interpretability.

A key challenge ahead is developing methods to harmonize multi-
omics data without overfitting to biases from a single source like
TCGA which is an essential step toward realizing the full potential of
precision oncology.

12

Informatics in Medicine Unlocked 57 (2025) 101679
5.2. Scarrcity of clinical validation and workflow integration

Despite excelling in clustering and subtype prediction, these models
have yet to be integrated into clinical workflows or therapeutic pro-
tocols. Although limited external validation was performed by some
models such as using ICGC and CGGA, none demonstrated prospective
clinical application, interoperability with clinical data systems, or real-
world validation [101]. This gap underscores a critical issue: the rapid
pace of architectural innovation is not matched by translational rigor. As
model complexity grows, so too does the risk of clinical irrelevance.
Without attention to usability, interpretability, and regulatory align-
ment, even the most advanced models are unlikely to earn clinician trust
or reach patients. The promise of precision oncology is thus undermined
not by performance limitations, but by a persistent failure to align
outputs with actionable clinical endpoints.

Even among the most cited systems, real-world deployment remains
absent. This observation aligns with a broader trend in medical Al
literature, where the majority of developed tools fail to reach clinical
adoption, primarily due to reproducibility challenges, limited general-
izability, and regulatory barriers [102,103].

Ultimately, without a clear focus on real-world use, clinical needs,
and regulations, even the best models will stay out of everyday cancer
care. To bridge the gap between methodological innovation and clinical
utility, future research in multi-omics data integration must prioritize
generalizability, fairness, and implementation. While deep learning
models have demonstrated impressive predictive power, their real-
world impact remains limited by dataset biases, lack of interpret-
ability, and minimal clinical validation. Addressing these challenges will
require standardized benchmarks beyond TCGA, integration with
diverse patient cohorts and electronic health records, and greater
emphasis on transparent, reproducible modeling practices. Importantly,
the field must shift from purely performance-driven evaluations toward
actionable outcomes that support precision oncology in everyday clin-
ical decision-making.

6. Addressing challenges and opportunities in multi-omics
oncology

Every approach mentioned earlier aims to tackle the challenges of
multi-omics data by employing suitable preprocessing and preparation
techniques tailored to specific problems. There are several common
strategies that are regularly employed in these methods. Additionally,
some approaches are especially well-aligned with the underlying
framework, improving the overall efficiency and effectiveness of the
integration process.

Looking more closely into how these challenges are addressed, we
can outline a general workflow for handling data modalities such as
those derived from the TCGA database. This includes strategies to ensure
effective transparency, explainability, and ethical handling of medical
data. Furthermore, potential future pathways in the domain of multi-
omics integration are emerging, leading to more thorough and effec-
tive multi-modality analyses aimed at improving precision in medical
decisions and enhancing healthcare systems.

6.1. Preprocessing multi omics data by modality

Proper preprocessing is essential to guarantee data quality and
compatibility. This involves addressing incomplete data, noise, and high
dimensionality, with techniques tailored to each modality’s unique
traits.

RNA-seq: Preprocessing begins with filtering low-variance genes
(standard deviation is often <1) or genes with very low overall
expression, as these contribute little to downstream analyses. Missing
values are commonly imputed using techniques such as k-nearest
neighbors or nearest-neighbor averaging. Many deep learning models,
including ctGAN [65] and MetaCancer [67], rely on learned RNA-seq
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embeddings to represent complex gene expression patterns. In the
context of bulk RNA-seq data, additional steps like embedding-based
denoising or smoothing, as adapted from transformer-based models
such as scGPT [94], are often applied to improve generalizability and
reduce noise.

DNA Methylation: Due to the inherently sparse and noisy nature of
methylation datasets, it is common practice to exclude probes exhibiting
a high proportion of missing values (typically ranging from 20 % up to
90 %) or those with low beta values. Dimensionality reduction tech-
niques are often employed to retain probes displaying substantial vari-
ability, or to select survival-associated markers using supervised
approaches such as Cox proportional hazards (CoxPH) models. Impu-
tation strategies may involve simple averaging or advanced latent rep-
resentation methods like variational autoencoders (VAEs), as
implemented in studies such as MoVAE [68] and TMO-Net [70]. Tools
like ELMER also facilitate the reconstruction of gene regulatory net-
works from methylation data.

CNVs: Copy number segments that contain substantial missingness
(>20 %), display low mean absolute values (<0.20), or have limited
coefficients of variation (<0.20) are typically filtered out. Integration of
CNVs with other genomic features can leverage clustering algorithms
shared nearest neighbor (sNN) graph clustering strategy, as in PATH-
GPTOMIC [72].

miRNA-Seq: Lowly expressed or poorly annotated miRNA sequences
are generally excluded from analysis, and missing entries are handled
using statistical imputation or latent-space modeling. It is standard for
miRNA-seq data to be co-analyzed with RNA-seq as part of multi-omics
integration pipelines.

Cross-Modality Challenges: The complexity of missing data in
multi-omics poses significant hurdles. For instance, true zeros in gene
expression are often misinterpreted, requiring further investigation.
Tools like ComBat or Harmony address batch effects, while VAEs assist
in dimensionality reduction and modality-specific representations.

Summing up, common preprocessing steps such as missing data
handling (kNN, VAEs), normalization, and feature selection are tailored
to each modality’s needs. Generative models automate many steps
within their architectures, while non-generative tools rely on explicit
pipelines. Despite these advancements, challenges like batch effect
correction and transparency in automated workflows persist. For
example, distinguishing true zeros from missing values in gene expres-
sion remains difficult and requires further research.

6.2. Pathological images fusion with biological data

Biomedical imaging refers to a variety of imaging techniques used in
medicine, such as conventional X-rays and ultrasound. Obtaining med-
ical images frequently requires expensive equipment and can be time
consuming. The availability of datasets for thoracic computed tomog-
raphy (CT), chest radiographs, and mammograms has accelerated
research into lung diseases and breast cancer. In a study by Yao et al.
[104] for example, CT-scans and transcriptomic data are integrated to
investigate the relationship between CD38 expression and survival
outcomes in epithelial ovarian cancer patients.

Whole-slide images (WSIs) contain detailed information on tissue
structures and cell types, which can be used to determine the malig-
nancy level and tumor development stage. As a result, pathologists
frequently regard these pathological characteristics as critical criteria
for cancer diagnosis and staging. While WSIs are valuable for assessing
tumor morphology, they lack the molecular insights into biological
processes, mutations, and pathways driving cancer progression. Inte-
grating histological and genomic data overcomes these limitations by
linking structural patterns to biological pathways represented as nodes
in a genomic subgraph.

For survival analysis, traditional approaches frequently rely on
patch-based multiple instance learning (MIL), treating each image patch
as an independent instance, thereby neglecting critical spatial
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relationships and morphological context. In contrast, the Pathology-
Genome Heterogeneous Graph (PGHG) [105] introduced a
graph-based approach that models histology image patches as nodes and
defines edges based on their spatial adjacency. This design preserves the
structural organization of tissues and enables the model to capture
complex spatial interactions within the tumor microenvironment. By
integrating these spatial dependencies with transcriptomic profiles
through attention-based graph learning, PGHG enhances prognostic
prediction and provides biologically interpretable insights into cancer
progression.

The histology data in Pathomic Fusion [93] is processed using two
methods. Firstly, CNNs are employed for extracting image-based fea-
tures, while GCNs are used for capturing cell-based features. This en-
ables the system to capture both the structure of the tissue and the
interactions between cells. The extracted features from histological data,
along with genomic data, are then integrated into a multimodal tensor
that represents all possible interactions between different modalities. To
enhance the accuracy of predictions, a gating-based attention mecha-
nism is employed to highlight relevant features and reduce the impor-
tance of less significant ones.

6.3. Transparency and explainability of AI models

In precision medicine, Al-based decisions derived from multi-omics
data integration must be transparent and interpretable. The lack of
transparency in complex Al models like DL could lead to doubts in the
medical fields. Ethical considerations must focus on developing inter-
pretable models that allow stakeholders to understand how predictions
are made and how they affect clinical decisions. This is particularly
important when human health and personalized treatment plans are
involved. Transparency and explainability are recognized as essential
attributes of Al systems, influencing user expectations, cultural norms,
and legal aspects [106,107].

Balasubramaniam et al. [5], proposed a framework to define
explainability requirements for Al systems, addressing questions like
whom and what to explain. In their recent study, Govea et al. [107]
demonstrated that transparent recommended systems can combine
advanced algorithms with explainability techniques such as using Local
Interpretable Model-agnostic Explanations (LIME) and Shapley additive
Explanations (SHAP) without sacrificing efficiency, enhancing trust and
precision. For example, SHAP-improved deep learning models showed
higher recommendation accuracy, proving the link between explain-
ability and algorithmic effectiveness.

Researchers increasingly adopt explainable AI (XAI) to interpret
omics data and uncover biological insights. XAI focuses on simplifying
black-box models or providing post-hoc explanations (feature relevance)
[108,109]. A systematic review of 405 studies [10] mapped XAI appli-
cations in omics, identifying patterns like integrating biological
knowledge such as gene regulatory networks to improve plausibility. For
instance, TMO-Net reveals molecular feature impacts on clinical out-
comes using explainable deep learning. GREMI isolates disease-relevant
subgraphs via Monte Carlo tree search. DeepMOCCA lacks interpret-
ability for individual omics features such as methylation sites, high-
lighting the need for finer-resolution diagnostics.

Models like DeepOmix and DeepKEGG incorporate biological path-
ways and co-expression analyses to align outputs with real-world sys-
tems, improving interpretability. Graph convolutional networks (GCNs)
leverage patient similarity networks (PSNs) to capture inter-patient re-
lationships, enhancing subtype classification and survival prediction.
For example, MOGONET and MoGCN prioritize preprocessing to ensure
high-quality PSN inputs, boosting prediction accuracy. The Monte Carlo
tree search (MCTS) [110] is also widely used for pinpointing significant
features or subgraphs within datasets, as seen in GREMI, where it ex-
plores local-view subgraphs to identify modules contributing to disease
characterization.



M. Ouhmouk et al.
6.4. Data privacy and security in precision medicine

Multi-omics data often includes sensitive patient information, which
raises privacy concerns. When integrated using Al for precision medi-
cine, ensuring that patient data is anonymized and securely stored is
crucial [111]. The ethical implications include risks of data breaches or
misuse, especially when Al models are trained on a large scale, and data
derived from multiple sources. In their paper, J. Zhou et al. [9] described
various scenarios and strategies to protect patient privacy across distinct
stages of omics data use and the development of Al-driven omics
methods, starting with data control and leading up to model deployment
and sharing. Privacy-preserving data mining techniques are designed to
process anonymized data, enabling knowledge extraction and Al system
development without compromising individual privacy.

Over the last five years, privacy protection regulations for health
data have undergone significant changes across multiple regions. In the
United States, HIPAA [112] continues to regulate protected health in-
formation (PHI), while additional laws such as California Consumer
Privacy Act (CCPA) [113] improve individual control over health data
by requiring consent, access, and deletion rights. The HITECH Act [114],
enacted in 2009, promotes the adoption of electronic health records
(EHRs) and strengthens HIPAA by introducing stricter enforcement of
privacy and security rules related to PHI, particularly in digital formats.

In the European Union, The General Data Protection Regulation
(GDPR) [115] sets guidelines for consent and gives individuals control
over their personal information, including health data, and has had a
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worldwide impact in shaping data protection. Similarly, Brazil’s LGPD
[116] and China’s PIPL [117] mirror GDPR by imposing strict consent,
breach notification, and cross-border data transfer restrictions on sen-
sitive health data. Japan’s APPI [118] and Australia’s NDB Scheme
[119] have strengthened their regulatory frameworks by mandating
reporting requirements and prioritizing health information security. The
UK Data Protection Act 2018 [120] incorporates GDPR principles,
ensuring strong protection for health data after Brexit. New Zealand and
Mexico have also improved health-specific data privacy regulations.

Worldwide, there is a strong focus on safeguarding health data
through transparent regulations, ethical approvals, and robust security
measures, particularly in research involving human genomic data.

Table 6 includes laws and regulations that are still in effect or have
been revised within the last five years to protect sensitive health data.
These regulations are critical when discussing Al and multi-omics data
privacy to ensure the ethical handling and protection of sensitive per-
sonal and healthcare information.

6.5. Al bias and fairness in healthcare

One critical issue is the reliance on large-scale datasets such as TCGA,
which suffer from demographic limitations despite their importance. For
example, genotype-derived ancestry data for 9899 TCGA cases, as re-
ported by Oak et al. (2018) [123], indicate that over 82 % are of Eu-
ropean descent, while only around 9.8 % are African, 6.6 % are East
Asian, and just 0.5 % are Native American/Latin American, leaving

Table 6
Health data privacy protection regulations.
Regulation Primarily Aspects Target users Enforcement Agency Target
Region
HIPAA [112] - Secure patient health information (PHI). Healthcare providers, insurers, U.S. Department of Health and USA
- Regulate the use and disclosure of protected health information. and clearinghouses Human Services (HHS)
- Give patients the right to access and correct their health
information.

CCPA [113] - California residents have rights over their personal data, including ~ Businesses processing data of California Attorney General California,
sensitive health data. - This includes access, deletion, and opt-out  California residents USA
from data sales.

- Emphasize transparency and consumer control.
- Applie to personal data, including health data unless exempt
under HIPAA.
HITECH Act [114] - Strengthen HIPAA. Healthcare providers, insurers, U.S. Department of Health and USA
- Establishe breach notification rules. business associates Human Services (HHS)
- Concentrate on electronic health record (EHR) security.
GDPR [115] - Outline detailed data protection policies, including those Any organization processing National Data Protection European
governing sensitive health information. personal data of EU citizens Authorities in EU member states ~ Union

-Give individuals control over their personal data (such as the right
to be forgotten, access, and portability).
- Strict consent requirements for processing health data.

Brazil LGPD [116] - Safeguard sensitive personal information, including health data. Organizations handling Brazilian National Data Brazil
- Consent is required for processing. personal data Protection Authority (ANPD)
- The right to access, correct, and delete data.

PIPL [117] - A comprehensive data protection law. All entities processing Cyberspace Administration of China
- Explicit consent is required for processing health data. personal data China (CAC)
- Strict rules for cross-border data transfer.

APPI [118] - Protect personal information, including health information. Organizations handling Personal Information Protection  Japan
- Establish transparency and consent requirements. personal data in Japan Commission (PPC)
- Include cross-border data transfers.

NDB Scheme [119] - Mandatory reporting of data breaches, particularly for health- Organizations handling Office of the Australian Australia

related breaches. personal data Information Commissioner
- Provide guidance on how to handle sensitive health data. (OAIC)
Data Protection Act - Implement GDPR and strengthen UK health data protection. Organizations handling Information Commissioner’s United
2018 [120] - Establish standards for processing personal data and strengthen personal data in the UK Office (ICO) Kingdom
safeguards for sensitive data categories, such as health.
My Health Records - Oversee the operation of the nationwide My Health Record Healthcare providers using the ~ Australian Information Australia

Act 2012 [121]

South African
POPIA [122]

system.

Maintain privacy and security controls for personal health
information stored electronically.

Patients can access and manage their own medical records.
- Safeguard personal information, including health data.

- Consent is required for processing.

- Provide data security and accountability.

My Health Record system

Organizations processing
personal data

Commissioner

Information Regulator of South
Africa

South Africa
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other groups minimally represented. This imbalance risks reduced
model performance in minority populations. In clear cell renal cell
carcinoma (ccRCC), African-ancestry individuals in the TCGA cohort
exhibited different somatic mutation patterns and distinct subtype
prevalence (ccB subtype), as well as lower immune infiltration and HIF
pathway activity compared to European-ancestry patients [124]. These
biological variations, if not accounted for, can compromise model
generalizability and diagnostic accuracy.

Batch effects and cohort-specific biases further influence how fea-
tures are learned, which may unintentionally propagate technical noise
into predictions if not properly corrected [125-127].

Additionally, most of the reviewed studies do not report fairness
metrics such as subgroup-specific accuracy, AUC, or equalized odds.
Few models mentioned performance across ethnic groups, and none
evaluated disparities related to gender or age. This lack of reporting
makes it difficult to assess whether the developed models perform
equitably across race, gender, age, or cancer subtypes. Fairness evalu-
ation is particularly crucial when models are used for clinical decision
support or disease stratification, especially in high-risk settings, where
performance disparities may lead to significant clinical consequences for
underrepresented groups.

Tackling bias in Al-driven multi-omics research demands a
comprehensive strategy that goes beyond acknowledging demographic
limitations. While using more inclusive and diverse datasets is essential,
it must be paired with fairness-aware training protocols, algorithmic
audits, and subgroup-specific performance metrics [128]. Recent studies
have shown that reweighting algorithms, specifically those guided by
adversarial or Wasserstein-based methods, can effectively amplify un-
derrepresented samples without sacrificing accuracy [129,130].
Adversarial debiasing, when integrated into models like VAEs or GANSs,
helps suppress features correlated with sensitive attributes, improving
fairness metrics such as equalized odds. Additionally, applying disparity
ratio thresholds, such as ensuring minority-to-majority AUC or accuracy
ratios remain above 0.8, a standard originally derived from regulatory
contexts like the U.S. Equal Employment Opportunity Commission
(EEOC) but now widely adopted in machine learning, offers a practical
benchmark for evaluating equitable model performance [131]. For
Indigenous and marginalized populations, adopting community-led
governance frameworks like the Collective benefit, Authority to con-
trol, Responsibility, Ethics (CARE) [132] ensures that ethical oversight,
consent, and data control are upheld throughout the research pipeline.
Together, these approaches help move the field toward more responsible
and representative Al in healthcare [133].

In their systematic review, Sargiotis D. (2024) [134] [127] empha-
sized that transparency and accountability mechanisms are essential for
fostering trust in Al systems, particularly in healthcare where data pri-
vacy and fairness are paramount. Edith Ebele Agu et al. [8] similarly
recommend actionable strategies including transparency policies,
representative data sourcing, and stronger regulatory oversight to sup-
port ethical development and deployment of Al tools in medicine.

Given the complexity of multi-omics data, achieving fairness remains
a technical and ethical challenge. Integrating different omics layers in-
troduces new sources of variation, and fairness frameworks adapted to
these contexts are still emerging. While several methods have been
proposed for bias auditing in general machine learning and clinical data,
their application in multi-omics settings remains limited and underex-
plored. Nonetheless, the responsible development of AI models must
include bias detection, transparency, and fairness validation to ensure
equitable outcomes for all patient populations.

7. Conclusion

This article explored key aspects of integrating artificial intelligence
into healthcare, particularly in the context of multi-omics data analysis.
By balancing ethical concerns such as privacy, transparency, and fair-
ness with advanced AI methodologies, healthcare systems can begin to
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leverage the full potential of multi-omics integration to improve patient
outcomes. Reviewing recent deep learning approaches, we highlighted
how Al is evolving to meet the demands of biomedical data. Non-
generative models, including Graph Attention Networks and Feedfor-
ward Neural Networks, support classification and prediction tasks, while
generative models like Variational Autoencoders enable data synthesis
and augmentation. Together, these techniques expand the scope and
precision of healthcare insights, provided that data integrity and ethical
standards are upheld.

We examined several deep learning methods designed to integrate
multi-omics data for downstream applications. These strategies are vital
for addressing the challenge of combining heterogeneous datasets with
complex biological interactions. Using data primarily from TCGA, we
compared the technical approaches employed to handle each omics
modality. While all models reviewed demonstrate high precision in
multi-omics integration, some are better suited to incomplete datasets.
In particular, GCNs and VAEs offer advantages for managing missing
modalities, a common issue in real-world scenarios that continues to
impact the reliability of predictions and their potential for clinical use.
However, many models lack external validation, subgroup-specific
evaluation, or fairness metrics, which limits their generalizability
across diverse populations.

Hybrid architectures and emerging paradigms like federated trans-
formers are improving the robustness of multi-omics models. Frame-
works such as NVIDIA FLARE support privacy-preserving training across
institutions, which is especially important in rare cancers where data
sharing is limited [98,135]. Transformers, through cross-modal atten-
tion and pretrained biological foundations, help overcome integration
challenges; for example, PATH-GPTOMIC [72] applies GPT-based sur-
vival modeling to fuse pathway and molecular data. These trends
directly address core translational challenges.

Techniques based on transformer architectures are being explored
for their capacity to model cross-modal interactions and long-range
dependencies. At the same time, federated learning is gaining atten-
tion as a decentralized, privacy-conscious approach, particularly valu-
able for multi-institutional studies with data access constraints. These
innovations reflect the need for models that are not only accurate but
also scalable, secure, and ready for real-world implementation.

To conclude, effective preprocessing remains central to multi-omics
analysis, allowing each modality to be tailored to its statistical charac-
teristics while enabling meaningful integration. The latest models
benefit from modality-specific preprocessing and latent embedding
frameworks, improving both interpretability and robustness. Moving
forward, the development of hybrid models and the integration of
diverse data types will be essential to unlocking AI's full potential in
precision medicine. Future work should also prioritize ablation studies,
interpretability, and clinical validation across diverse patient pop-
ulations to bridge the gap between computational methods and medical
practice. Looking ahead, advancing federated transformers, pretrained
omics models, and flexible hybrid pipelines will likely shape the next
steps in multi-omics research and help bring these approaches closer to
clinical use.
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